We developed, validated, and analyzed a computational model of the intra-and extracellular signaling network controlling the production of the essential pro-inflammatory cytokine, tumor necrosis factor (TNF), and its anti-inflammatory counterpart, interleukin 10 (IL-10). 
We developed, validated, and analyzed a computational model of the intra-and extracellular signaling network controlling the production of the essential pro-inflammatory cytokine, tumor necrosis factor (TNF), and its anti-inflammatory counterpart, interleukin 10 (IL-10).
None, however, have examined the long-term regulation of inflammation by key intracellular 1 signaling pathways.
2
Many mechanistic details of the signaling networks involved in the long-term inflammatory 3 response are yet unresolved. We thus attempted to determine whether a self-consistent network 4 of molecular interactions and the corresponding kinetic model could be constructed to reproduce 5 a broad spectrum of experimental findings describing the short-and long-term inflammatory 6 response. We performed an extensive literature analysis and used it as a basis to develop a 7 mathematical model reflecting the biochemical reactions occurring in LPS-challenged 8 macrophages and leading to the production of pro-inflammatory (i.e., TNF) and anti-9 inflammatory (i.e., IL-10) cytokines. We used the model to gain insights into the mechanistic 10 regulation of the long-term inflammatory response. Analysis of our model's network topology 11 revealed functional similarities between the transcriptional control of TNF and that of IL-10.
12
These similarities lie in the two inhibitory mechanisms regulating the activity of nuclear factor 13 κB (NF-κB) and cAMP response element-binding protein (CREB), which act as transcription 14 factors regulating the production of TNF and IL-10, respectively. Furthermore, we found that the 15 temporal regulation of IL-10 production can be naturally decomposed into two phases. The first 16 phase is controlled by the mitogen-activated protein kinase kinase (MKK)-dependent signaling 17 subnetwork, which is regulated only by intracellular mediators. In contrast, the second phase is experimental data demonstrated that the transcription of NF-κB-activated genes, such as nfkbia, 1 nfkbie, tnf, and tnfaip3, is initiated simultaneously, whereas their expression timing differences 2 are caused by splicing delays. 30 To reflect this mechanism, we modeled the temporally ordered 3 gene activation process by including model variables for immature mRNA (pre-mRNA), mRNA 4 bound to the spliceosome complex (smRNA), and mature mRNA. We modeled gene 5 transcription regulation using the equations defined as follows: denotes the rate at which pre-mRNA binds with the spliceosome complex.
15
We modeled the transition from pre-mRNA to smRNA in the following way:
17
where ρ release denotes the rate at which mature mRNA is released from the spliceosome complex.
18
To simplify the model, in Eq. 3 we assumed that there is no unbinding of pre-mRNA from the 19 spliceosome complex. We simulated the transition from smRNA to mRNA in a similar way. To 20 reflect the presence of splicing delays, the ρ release values were chosen to be small. 
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For all transcription factors in the model, we used Eq. 1 with the same k and n values, which 1 were selected so that the behavior of f(x) was nearly linear in the concentration range 0-100 nM.
2
In contrast, the value of v was optimized for each individual transcription factor. We used the Our model reflected the IL-10-dependent inhibition of the TNF production. To achieve this,
10
we modeled the signal transducer and activator of transcription 3 (STAT3)-dependent production 11 of a repressor protein (REP) inhibiting NF-κB binding to the tnf promoter. While it is known that 12 IL-10-mediated TNF inhibition is regulated by STAT3-dependent gene transcription, the exact 13 regulatory mechanism or protein is not known. 34, 35 For this reason, the REP protein in our model 14 represents a "placeholder" protein. We modeled the IL-10-mediated TNF inhibition using a 15 linear function of the REP concentration:
The initial concentrations for the biochemical species are defined in the model initial to simulate a challenge with 10 ng/ml of LPS.
12
We accounted for the dilution effect for the proteins being released into the extracellular concentration of such species did not change over time; here, we refer to them as "conserved 3 species." As done in other studies, 16, 17, 36 the total concentration of every conserved species was 4 assumed to be 0.1 µM. We also assumed the values of the parameters representing the rates that
5
were not critical for our model development. For example, the degradation of pre-mRNA was 6 not considered, and thus the parameter value representing the rate of this process was set to zero. 
Results

1
Construction of the model network diagram 2
We used available literature data to construct a network of biochemical reactions with the goal of 3 reproducing and predicting diverse experimental findings characterizing the LPS-induced 4 macrophage signaling response (Fig. 1) . The network comprised the biochemical reactions that 5 facilitate the modulation of the pro-and anti-inflammatory cytokine production in response to an 6 LPS challenge. To construct the network, we integrated and analyzed information from dozens 7 of journal articles. In this process, whenever possible, we selected studies that examined the 8 impact of specific signaling pathways on the inflammatory response in murine macrophages. As 9 a result of this literature analysis, we proposed a comprehensive, non-redundant, and self-10 consistent picture of the short-and long-term regulation of pro-and anti-inflammatory cytokines,
11
which is outlined below.
12
As shown in Fig. 1 (labeled MEK3/6), and we did the same with ERK1 and ERK2 (labeled ERK1/2). MSK1 and 7 MSK2 phosphorylate two transcription factors. 51 The first is cyclic AMP-dependent transcription 8 factor 1 (ATF1), which mediates the transcription of dual-specificity phosphatase 1 (DUSP1), a 9 negative regulator of P38 activity. 52 The second is CREB, which mediates the IL-10 gene (i.e., 10 il10) transcription.
11
The second pathway (which we term the "IFN-β-dependent pathway") activated by LPS is phosphatidylinositol-3-kinase (PI3K), and glycogen synthase kinase 3 (GSK3). 55 PI3K
16
inactivates the constitutively active GSK3, which inhibits CREB phosphorylation. For modeling 17 purposes, we considered a lack of GSK3-induced CREB inhibition as a CREB activation 18 process.
19
Thus, we modeled two pathways that control the LPS-induced IL-10 production: the MKK- Model calibration 5 We calibrated our model by adjusting (i.e., fitting) its parameters using multiple in vitro data sets
6
(from different research groups) that were available for key model components. Whenever 7 possible, we used experimental data from LPS-challenged murine macrophages, such as bone 8 marrow derived macrophages, alveolar macrophages, or the RAW264.7 macrophage-derived cell 9 line. We favored published studies where the data were recorded over a period of several hours 10 to days.
11
LPS-induced TNF production and secretion occurs within hours, a process followed by the subsections. These dynamics were captured, both quantitatively and qualitatively, by our model
16
( Fig simplicity, we modeled TAK1 inactivation as was previously done for IKK. 19 The transient 3 activation of P38 was also matched reasonably well by our simulated P38 trajectory (Fig. 2F ).
4
We used available data on the dynamics of unspliced (pre-mRNA) and spliced (mRNA) 5 transcripts 30 to computationally reproduce the timing differences in protein expression (Fig. S1,   6 ESI †). Thus, our model involves a causal mechanism to explain observed kinetic differences, 7 instead of using artificially introduced delays lacking explanatory power. 16 Moreover, our model activation. These signaling events were modeled using the equations from previously published 10 studies. 16, 19, 21 As expected, the model-simulated dynamics of IκBα, IκBε, A20, NF-κB, and IKK
11
were quantitatively and qualitatively similar to the published results (results not shown).
13
Model validation 14 We performed model validation to ensure that our model can facilitate predictive analyses. As (Fig. 3, A and B, respectively).
2
The second pathway we considered was the sequential activation of TRIF, TBK, and IRF3 3 occurring after LPS-induced activation (the IFN-β-dependent pathway, shown in blue in Fig. 1 ).
4
In this pathway, phosphorylated IRF3 initiates the transcription of IFN-β, which, once secreted, which resulted in an attenuated production of IL-10. To reproduce this result, we assumed an 9 incomplete blockage of GSK3 activity (90%), and under this assumption, the model predictions 10 were in a good agreement with the experimental data (Fig. 3C) . In a different study, the was robust to local perturbations for all the four features considered, i.e., the trajectory peak 5 height, the peak time, the area under the curve, and the steady-state level (Fig. S2-S3 , ESI †). The transcription factor CREB can be phosphorylated by distinct kinases that are under the 5 control of different signaling pathways (Fig. 4A) . Here, we examined how the topology of those 6 pathways shapes the kinetics of LPS-induced il10 gene transcription via CREB phosphorylation.
7
First, we eliminated the contribution of the MSK1 pathway to CREB phosphorylation, which 8 was accomplished by setting the MSK1 initial concentration to zero. As a result, the activation of 9 CREB was delayed. This delay occurred because CREB phosphorylation became entirely 10 dependent on the IFN-β-activated pathway, which needed IFN-β synthesis and secretion to occur first. This result implies that the initial rise in CREB phosphorylation is controlled primarily by 12 MSK1 (Fig. 4B , red dash-dotted line).
13
Second, we simulated the absence of DUSP1 by setting to zero the dusp1 gene transcription compared to the control case (Fig. 4B , blue dashed line).
18
Third, we simulated the absence of IFN-β by setting to zero the ifnb1 gene transcription rate.
19
CREB phosphorylation showed a fast increase followed by a decrease, which were MSK1-and In sum, the simulated trajectory of LPS-induced CREB phosphorylation appeared to be 1 shaped by the interactions of distinct biological mechanisms acting on different temporal phases 2 of CREB phosphorylation and, consequently, of il10 gene transcription (Fig. 4C) . the proteins IκBα and A20, respectively, which mediate NF-κB inhibition (Fig. 5A ). Specifically,
10
IκBα controls the short-term inhibition, while A20 controls the long-term inhibition of NF-κB. 16 11 Interestingly, our model predicted a functionally similar, but structurally different, negative 12 regulation of CREB phosphorylation ( Fig. 5A-B) , as described below.
13
In our simulations, upregulation of IκBα (by changing the NF-κB-induced transcription rate 14 of the nfkbia gene) led to diminished short-term NF-κB translocation to the nucleus. Conversely,
15
IκBα downregulation led to increased short-term NF-κB activity (Fig. 5C ). In contrast, the 16 modulation of A20 expression (by changing the NF-κB-induced transcription rate of the tnfaip3 17 gene) regulated the long-term NF-κB activation after the initial peak (Fig. 5E ). Thus, IκBα and 18 A20 represented two negative feedback mechanisms controlling distinct phases of the NF-κB 19 dynamics.
20
Modeling revealed that CREB is under the control of a functionally similar inhibitory 21 mechanism. In our model, overexpression of DUSP1 (by changing the dusp1 gene transcription 22 rate) led to a weaker early phase of CREB activation, while DUSP1 downregulation led to a 23 stronger initial CREB activation (Fig. 5D) . Similarly, overexpression of GSK3 (by changing the 1 total GSK3 concentration) led to reduced long-term CREB activation, while GSK3 2 downregulation resulted in a more pronounced long-term CREB activation (Fig. 5F ). These data 3 suggest that DUSP1 was responsible for the initial phase of CREB activation, while GSK3 was 4 responsible for the late phase. Thus, the roles of DUSP1 and GSK3 with respect to CREB 5 activation were functionally similar to those of IκBα and A20, respectively, in regard to NF-κB 6 activation.
7
In summary, our modeling suggests that the LPS-induced inflammatory response presented 8 some functional similarities between the regulation of NF-κB and CREB. Indeed, both 9 transcription factors were regulated by inhibitory mechanisms controlling different temporal 10 phases of their activation.
12
Distinct signaling subnetworks regulate the peak height and tail height of the TNF 13 temporal trajectory 14 We used our model network topology (Fig. 1) to examine the regulation of TNF synthesis. In our (Fig. 6A ). When we followed the same protocol for a virtual IL-10 titration, the TNF 2 peak height did not change, but the TNF tail height was altered (Fig. 6B ).
3
To investigate the combined effects of IκBα and IL-10 on the TNF temporal trajectory, we 4 modulated their expression at the same time. We selected two quantitative features from the TNF 5 trajectory, the peak height and the tail height. The expression of IκBα, but not IL-10, determined 6 the peak height in our simulations (Fig. 6C) . Conversely, the expression of IL-10, but not IκBα, 7 determined the tail height (Fig. 6D ). We also found that the timing of the TNF peak was not 8 modified by the expression changes of either IκBα or IL-10 ( Fig. S9 , ESI †).
9
Finally, we examined the effects of specific knockouts on the TNF kinetic trajectory (Fig. 7) .
10
Changes in IκBα expression, effected by setting to zero the NF-κB-induced transcription rate of gene encoding IFN-β, modified later phases of the TNF trajectory. In summary, using our model, 16 we showed that distinct parts of the inflammatory signaling network controlled different phases 17 and different features of TNF production.
19
Discussion and Conclusions
20
Robust regulation of the inflammatory response is critical for adequate resolution of 21 inflammation 65 and effective tissue repair after injury. 66 Here, we applied a computational 22 modeling approach to propose a self-consistent set of biochemical reactions reflecting the intra-
23
and extracellular inflammatory signaling network in macrophages (Fig. 1 ). Our computational model was calibrated (Fig. 2) and validated ( Fig. 3) by MSK1 and DUSP1 in a differential manner (Fig. 4) . Moreover, our model elucidated a 5 functional similarity between the negative regulation of NF-κB by IκBα and A20, and the 6 negative regulation of CREB by DUSP1 and GSK3. Finally, our simulations allowed us to 7 associate the regulation of early and late phases of TNF production with specific subnetworks of 8 the considered signaling network (Fig. 7) .
9
Of all the numerous components and interactions involved in the regulation of inflammation,
10
this study focused primarily on the interplay between the production and activity of TNF and IL- 10. This choice of research objective naturally followed from the global regulatory logic of 12 inflammatory signaling. Indeed, LPS, which represents pathogen-associated molecular patterns
13
(PAMPs) that are a hallmark of pathogen-induced inflammation, 67 activates the TLR4 receptor,
14
which necessarily leads to the activation of NF-κB (Fig. 1) from earlier published studies, [16] [17] [18] [19] 21 development of a mechanistically accurate kinetic model
13
for the entire NF-κB/TNF/IL-10 axis has not been previously undertaken.
14
The detailed representation of signaling mechanisms in our model allowed us to tease out the 15 contributions of specific network segments to short-and long-term dynamics of TNF production.
16
We were particularly interested in understanding the determinants of long-term dynamics, of phosphorylated CREB, which is consistent with our results (Fig. 4B ). These modeling-based 5 insights suggest that the coexistence of multiple IL-10 regulation pathways is evolutionarily 6 justified by the necessity to independently fine-tune distinct quantitative characteristics of TNF 7 and IL-10 production.
8
Our modeling elucidated both differences and similarities between the effects of different 9 signaling pathway components on the specific quantitative features of the temporal trajectories 10 for the regulated network elements. A functional similarity was detected in the regulation of NF- peak, but not the post-peak "tail," of their respective targets (i.e., NF-κB and CREB), whereas
13
A20 and GSK3 exert a comparatively weaker regulation of the peak but can also modulate the 14 tail (Fig. 5 ). This similarity was not expected given that both IκBα and A20 are activated by NF-15 κB and therefore are involved in negative feedback loops, whereas DUSP1 and GSK3 are not 16 activated by their target CREB. 73 Extensive research into the roles of negative feedback in 17 biological regulation has focused on the properties that distinguish feedback from simple (i.e., other factors may define the distinct roles of multiple regulators acting on the same target.
The differential regulation of the TNF trajectory peak height and tail height by two distinct 1 signaling proteins (i.e., IκBα and IL-10, respectively) ( Fig. 6A-B) was consistent with the notion 2 that early and late TNF kinetics are controlled by these respective regulators. Simultaneous 3 variation in the IκBα and IL-10 levels resulted in ~2.5-fold changes in the TNF peak height (Fig.   4 6C) and in ~10-fold change in the tail height (Fig. 6D) . The same IκBα and IL-10 variation, 5 however, resulted in only ~1 hour change in the TNF peak time (Fig. S9, ESI †) , which suggests 6 that the TNF peak height and tail height are more "tunable" than the TNF peak timing.
7
Interestingly, this result is consistent with the properties of bacterial signal transduction circuits,
8
for which the response intensity was predicted to be much more sensitive to circuit parameter 9 variations than response time. 32 These patterns support the notion that the increased 10 controllability of response intensity compared with that of response timing may be a frequent 11 feature of biological control circuits. high cytokine levels (i.e., a "cytokine storm," such as in sepsis) 75 
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